In this paper we analyze how user generated content (UGC) is created, challenging the well known wisdom of crowds concept. Although it is known that user activity in most settings follow a power law, that is, few people do a lot, while most do nothing, there are few studies that characterize well this activity. In our analysis of datasets from two different social networks, Facebook and Twitter, we find that a small percentage of active users and much less of all users represent 50% of the UGC. We also analyze the dynamic behavior of the generation of this content to find that the set of most active users is quite stable in time. Moreover, we study the social graph, finding that those active users are highly connected among them. This implies that most of the wisdom comes from a few users, challenging the independence assumption needed to have a wisdom of crowds. We also address the content that is never seen by any people, which we call digital desert, that challenges the assumption that the content of every person should be taken in account in a collective decision. We also compare our results with Wikipedia data and we address the quality of UGC content using an Amazon dataset. At the end our results are not surprising, as the Web is a reflection of our own society, where economical or political power also is in the hands of minorities.
INTRODUCTION
The wisdom of crowds is a well known concept of how "large groups of people are smarter than an elite few, no matter how brilliant, they are better at solving problems, fostering innovation, coming to wise decisions, and even predicting the future" [20] . On the other hand, although all people that use Internet can contribute to web content (or any type of activity), most people do not. In fact, in any social network, the set of people that just looks at the activity of others (passive users or digital voyeurs) is much larger than the people that is active. Similarly, among the active users most of them do little, while a few do a lot (digital exhibitionists). We are interested in the characterization and interplay of these groups of people regarding the generation of content.
Let us take a specific case, say the world of blogs in the Web. Most people do not have a blog and few people have good blogs. Conversely, most blogs are not read and few blogs are well read. Indeed, people contribute to content in a social network or in the Web because they have the (possibly wrong) perception that someone will look at and read their contribution. This perception that they are speaking to the whole world, when the truth is that most of the time they are speaking alone, creates a very long tail of content that nobody sees, a huge digital desert where people write to an empty audience, metaphorically speaking.
Although we believe that there is a high correlation between the quality of content and the activity of users interacting with that content, in this paper we explore this process: how people contributes to content and what is the impact of the content generation process in the so called wisdom of crowds. As we cannot study this in the context of the whole Web, as most usage data is private, we use two different datasets: a small sample of New Orleans Facebook users and a large one coming from a micro-blogging platform, Twitter. Both are good case studies for the problem being tackled. In fact, today Facebook and Twitter are the two largest social networks in term of users. In one of these cases we estimate a weak lower bound of how much of the UGC produced is never seen. We also compare the content generation process in these social networks to the content generation of Wikipedia as well as the estimations of unique users per month that visit that website.
Moreover, using another UGC dataset from Amazon's movies reviews, where the quality of content it is explicitly rated, we study the relation between quantity and quality of content produced by people, finding also that the majority of high-quality content is generated by a small set of users.
Our main results are:
• The percentage of users that generate more than 50% of the content is small, less than 7% in our two examples;
• These top users are quite stable in time, more than 70% of the initial people in our two examples stay on that group during all the time observed;
• The quality of content it is not strongly correlated with amount of users' activity, but;
• Given that quality of content it is (almost) equality distributed among users, more active users producesin absolute numbers -more high quality content than less active users.
• The number of users that do not contribute to the generation of content is the majority of them, some because of inaction while others because their content is not taken in account;
• There is a significant volume of content that nobody sees, and hence is not taken in consideration; and
• The bias seems to be even worse in non social contexts such as content creation in Wikipedia, where there are also is higher amount of content that is never visited.
The reminder of this paper is organized as follows. Sections 2 and 3 give the background. Sections 4 to 6 present the experimental results and discuss them.
RELATED WORK
The concept of the wisdom of crowds was introduced by Francis Galton in 1907 [6] , and used by James Surowiecki in his seminal book "The Wisdom of Crowds" [20] , where he posits -among other things-that the aggregated knowledge of a group would be bigger than the knowledge of any of its single components. Although wisdom is difficult to measure, on the Web this concept has been translated -and widely applied-as using the data provided directly (e.g., content) or indirectly (e.g., clicks) by users to discover knowledge in a crowd sourcing approach [14, 9, 5, 8] . A good example of how this wisdom can be used, is exploiting the clicks that users do after issuing a query in a web search engine. This allows to extract semantic relations between queries in an automatic manner [1, 2, 3] . Therefore, in this example and others, more user generated content implies more knowledge that can be potentially discovered.
In Online Social Networks, wisdom can be related to the amount of content produced by users. Previous studies suggests that the amount of user's activity (e.g., number of tweets) it is related with her/his number of followers [19] , and also with the monetary value that they produce [18] . Similarly, in social graphs -where node in-degree has a power-law distribution [10, 13, 11, 7] -most of the content produced (i.e., activity) is generated by a small subset of users, while the majority of users act as passive information consumers [16] . Moreover, previous studies have shown that the around 50% of URLs consumed in Twitter are produced by a tiny portion of users (less than 1%) [22] . However, while previous work shows that to have a lot of followers cannot be considered as synonym of influence [4] , nowadays we do not know enough about most active users. In this paper we try to understand the importance and characteristics of most active users regarding the generation of content.
EXPERIMENTAL FRAMEWORK

Assumptions and Definitions
We consider that each unit of activity (tweets or posts) is one unit of content and that the overall activity is proportional to the wisdom of the crowd. A possible variation is to consider the length of the text of the tweet or the post. Nevertheless, as these texts are small (e.g. tweet length is capped by 140 characters), the results should be similar. Later on this paper, we discuss about the content's quality, and how it relates with the concept of wisdom.
To distinguish top contributors (wise users or digital exhibitionists) from the rest of the active users, we use the following arbitrary definition for a given time period: wise users are the set of most-active users such that they contribute with 50% of the content (or half of the wisdom). Other definitions are possible, for example based in a larger percentage, but we consider that 50% is already a majority of the content. Nevertheless, the results would be similar as all the distributions involved resemble power laws. We call the rest of the users, in fact, the majority of them, others.
Datasets
We use two different datasets from two different kind of social networks: Twitter, a micro-blogging social network; and Facebook, a pure social network. For all the experiments we consider only the active users, meaning users that have shown some posting activity in the time period considered.
Facebook: This dataset corresponds to the New Orleans Facebook's Regional Network 1 [21] . We have two lists: the first one contains the social graph (friendships) and a second list with user-to-user wall posts (where u,v means user v posting in u's wall), and the timestamp. All these data has been anonymized.
The social graph has 1,545,686 edges between 63,731 users. The information about wall posts has 876,993 actions, with 39,986 users doing at least one post (active users). Hence, we can estimate that at least 37% of users are passive or inactive. Notice that these are users that have a public profile, so although the set is partial, is what can be compared to other datasets based on public data as the next one.
This dataset has wall posts from 14th of September 2004 to 22th January of 2009 according to Table 1 . We use the last three years as the two first are too small. The Pearson correlation of the number of posts with respect to the number of friends, using a logarithmic transformation to linearize the distributions, is 0.64. That is, the distributions are partially correlated. The distribution of posts versus users follows a power law of parameter -1.58.
Twitter: Our dataset contains almost all the tweets done in Twitter between March 1st until May 31st of 2009. We also have the complete social graph of Twitter for that period. This information is a subset of the dataset obtained in [4] . Specifically, tweets are represented as a list of pairs (user id, timestamp), and the social graph is an adjacency list.
The active users). The activity considers 440 million of tweets produced by the active users. In fact, the number of nonactive users (71%) is more than 2.4 times larger than the number of active users (29%). Hence, our analysis would be more striking if we take percentages over the whole user population. Our Twitter data has two limitations: (i) we have "only" the last 3,200 tweets from each user, but we have found only 167 of users with more tweets than this threshold in around 50 millions users; 2 and (ii) from the social graph, we cannot establish when each edge was created, therefore we are working with the final snapshot of that graph.
In order to study the UCG with different time granularity, in our experiments we use this dataset in two different ways: first, the full dataset split in months and next, a smaller sample where we split in weeks the first three weeks of May. Tables 2 and 3 gives the details of them. The distribution of tweets versus users can be approximated by a power law of parameter -2.1. On the other hand, the Pearson correlation of the number of tweets with respect to the number of followers, using again the logarithmic transformation, is 0.68. That is, the distributions are again partially correlated. 2 In any case, this implies that our results are a good lower bound because we are trimming the most active users. 
EXPERIMENTAL RESULTS
Wise and Others
We start by finding the proportional sizes of the user groups defined in the previous section. Figure 1 shows that the distribution of user activity is very skewed. For Twitter - Figure 1 (right) -where we have more data points, we show that the distribution also depends on the time window considered, as a longer time window implies that a smaller group of users produced most of the content. For three years, we found that in the Facebook dataset, the wise users were just 7.0% of the total. On the other hand, in a period of three months, we found that in the Twitter dataset the wise users accounted for just 2.4% of them.
In the case of the Twitter dataset, looking at the social graph we found that even though wise users are less than 3%, they concentrate more than the 35% of the incoming edges, therefore they have also a higher in-degree (see Table  4 ). On the other hand, in the Facebook dataset, 7% of the users concentrate 21% of the links. This is not surprising as the Facebook social graph is more sparse as friendship is bidirectional and both users have to accept the relation.
To measure the connectivity of each group, we use the Gamma index, that is the ratio between the links observed over all possible links in the complete graph of active users [15] . A larger Gamma Index means higher connectivity into the graph. In Twitter we see that wise are the most cohesive group. In Facebook the differences are even bigger, as wise users are five orders of magnitude more cohesive than the rest. Differences between Twitter and Facebook might be due to the different nature of the link creation process in each platform (in Facebook both parts needs to agree to create a link, while in Twitter each user can decide alone) and the type of graph. However, in both cases wise users are more cohesive than the rest, suggesting that they are a highly connected elite.
We can partially compare these results to the content generation process of Wikipedia. Indeed, according to data published by Wikipedia itself, the top 10,000 editors produce 33% of the content editions. Considering that there are almost 20.8 million registered editors, the top editors represent just 0.04% of them. As the number of passive users, that is, people that use Wikipedia but do not contribute with content, is more than one billion, the percentage of active editors with respect to the total number of users is negligible. Something similar happens with the creation of the almost 4.5 million Wikipedia articles in English, where the 2,005 most prolific authors account for the creation of 50% of the articles [17] . This is less than 0.01% of registered editors, and this number would be even smaller if non-registered users could be taken into account. 
Evolution Along Time
Now we find the percentage of wise users for different periods of time for both datasets. Results are detailed in Tables  5 and 6 . This shows that even though the percentage of wise users decreases with larger time windows, the absolute number is pretty stable. However, are those wise users always the same? Table 7 shows the percentage of users that were in the wise group in the first year and stay there in the next two years for the Facebook dataset. Table 8 shows the percentage of users that were in the wise group in the first week and stay there during the next two weeks for the small Twitter dataset. As can be seen the wise users are very stable, as more than 70% or 80% remains after three years or weeks, respectively.
In Figure 2 we show the dynamics of the wise and others groups, during three years or months for both datasets, showing the percentage of people that come from the groups in the previous month as well as the percentage of new users. The numbers displayed in the edges, represents the percentage of users going to a given group in previous/next time slot. Outgoing edges pointing to previous time slot (e.g. from month 2 to month 1) shows where the users come from, while edges pointing to the next time slot shows the destiny of those users. For example, in Figure 2 (b), in month 2, 66% of wise users come from the wise group in month 1, 27% from others and, 7% from new users (users that were not active in month 1). Next, 92% of those wise users, stay in the wise group in month 3, and 8% went to others. Another way to understand this, would be look at symmetric edges. For example, in month 3, 1% of the new users went to wise group, while 4% percent of the total of wise users come from new users.
Overall, we can see that groups are quite stable if we do not consider new users. In fact, at the end of three periods, most of the wise users have always been in this group, for example in Figure 2 (a) , 74% of wise users stay in that group from year 1 to year 2, and then 98% stay in that group from year 2 to year 3, confirming the stability of this group.
The Digital Desert
In this section we analyze the phenomena of the content that is uploaded for some users, but is never seen by anyone else. We refer to this content as the digital desert. We can estimate a lower bound for the content that is never seen for the case of the Twitter dataset.
3 In fact, a lower bound for the digital desert can be computed as the percentage of content generated by people that has no followers. 4 This percentage of people is only 0.06% for the wise group but 20.58% for the others group. This accounts for 0.03% and 1.08% of the whole content, respectively. Hence, the digital dessert in this dataset is at least 1.11%. Although small, this implies that the opinion of some people is not really considered and hence is not part of the collective wisdom.
The size of the digital desert increases if we look at another kind of UGC platform such as Wikipedia. Comparing the logs of requested pages in the English Wikipedia during a month (June 2014) 5 with the new content added in the previous month (May 2014) we see that from the 1,350,554 articles edited/added during that month, 31% of them were not visited 6 in June. This is an upper bound for the digital desert in this dataset and time period.
QUALITY OF THE WISDOM
In previous sections we have used an arbitrary definition of wisdom that is directly related with the amount of content produced by users. However, one can argue that quantity of content produced (i.e., activity) does not imply equal contribution to the global wisdom. To address this problem we need to measure the quality of content. Unfortunately, it is not simply to measure content quality in a social network, because it would be difficult to define what is a "good tweet" or a "good post" in Facebook. One option is to relate quality with popularity (e.g., retweets or likes), but such metric would be clearly biased towards popular users. Therefore, it is preferable to use a dataset where the quality of users' contributions it is clearly ranked by the readers. A good example of such kind of content are Amazon's products reviews, where readers can evaluate the helpfulness of a review by answering yes or no to the following question: "Was this review helpful to you?" Specifically, we use a public Amazon's movie reviews dataset released by [12] in 2013. This dataset contains In order to make this data comparable with the previous experiments, first we divided users in wise and others, following the definition given in Section 3.1 that based in the amount of activity (previously number of post or tweets, now number of reviews). In this case we found that 4% of users produced 50% of all reviews. This is similar to Facebook (7%) and Twitter (2%), suggesting that the process of content generation is comparable with the previous cases. For future comparison we denote this group of users as activitybased-wise.
Next, we want to redefine wisdom by adding the dimension of content's quality. To do that, we say that users are contributing to the wisdom only if each review has been rated as helpful by at least one reader. The intuition behind this definition is that if a review helped at least one user, the review is a contribution to the total wisdom. Obviously, stronger requirements can be imposed (e.g., that at least 50% of the users rating a review found it useful). However, our definition will establish a lower bound for the content's value. Hence, now the total wisdom will be the sum of all helpful reviews. Surprisingly, we found that 64% of the reviews were helpful for at least one reader, and 66% of users have produced at least one helpful review, showing that a wide group of users contribute to the total good content and that almost two thirds of the whole wisdom generated is valuable. However, breaking down the results we found that -again-just 2.5% of the users produced 50% of the total helpful reviews. We denote these users as quality-basedwise. Moreover, we found that quality-based-wise users is a proper subset of the activity-based-wise users in this dataset.
We also compute the (review) entropy for each user. To that aim, we grouped the reviews of each single user, and then computed the Shannon entropy in that text. Interestingly, we found that the Spearman correlation between activity and entropy is low (0.32), while the correlation between entropy and helpfulness is slightly higher (0.43). Figure 3 shows that from a certain level of users' entropy the reviews tend to be more useful, but that also there is a saturation point where more entropy does not imply more helpfulness. This relation between entropy and value (helpfulness) is useful to generalize these results because we expect that users that introduce more information per word (i.e., higher text entropy) are -at the same time-adding more wisdom.
CONCLUSIONS AND FUTURE WORK
Our results, added to social influences, undermines the independence principle that is needed to have a real wisdom of crowds [20] , as the percentage of people that produces most of the content is really small. Moreover, if we consider that very active people is highly connected among them, compared with the rest of users, creating a cohesive elite. The diversity principle is also challenged, as many users do not contribute to the wisdom, either because they do not exercise this option or because their opinion is not taken in account (the digital desert).
The distribution of how people contribute to wisdom becomes more skewed when a filter of quality is introduced. Although many people show the capability of producing helpful content, the majority of such content is produced by just a subset of the elite.
The datasets used are already a bit old, but on the other hand one of them is complete and less noisy than a more current dataset, as at that time Twitter had less spam than nowadays. For sure the results in other datasets would be different, but we believe the issues addressed in this paper will remain valid for the majority of UCG.
Finally, although we would like to believe that the Web is a more democratic environment as all the people has the same opportunities, at the end the Web mimics our society. Indeed, the economic or political power in most countries belongs to a minority of the people. Even when explicit decisions must be taken through elections or referendums, many people choose not to exercise their right to vote.
